An anchoring theory of lightness perception by explains many characteristics of human visual system such as lightness constancy and its spectacular failures which are important in the perception of images. The principal concept of this theory is the perception of complex scenes in terms of groups of consistent areas (frameworks). Such areas, following the gestalt theorists, are defined by the regions of common illumination. The key aspect of the image perception is the estimation of lightness within each framework through the anchoring to the luminance perceived as white, followed by the computation of the global lightness. In this paper we provide a computational model for automatic decomposition of HDR images into frameworks. We derive a tone mapping operator which predicts lightness perception of the real world scenes and aims at its accurate reproduction on low dynamic range displays. Furthermore, such a decomposition into frameworks opens new grounds for local image analysis in view of human perception.
INTRODUCTION
Lightness is a perceptual quantity measured by the human visual system (HVS) which describes the amount of light reflected from the surface normalized for the illumination level. Contrary to brightness, which describes a visual sensation according to which an area exhibits more or less light, the lightness of a surface is judged relative to the brightness of a similarly illuminated area that appears to be white. Lightness constancy is an important characteristics of the HVS which leads to a similar appearance of the perceived objects independently of the lighting and viewing conditions. 1 The problem of lightness perception and lightness constancy has been studied extensively in the last two centuries (refer to Palmer 1 for a detailed historical account). The most prominent theories follow Wallach's observation that the perceived lightness depends on the ratio of the luminance at edges between neighboring image regions. In the retinex theory 2 it is assumed that even for remote image regions such a ratio can be determined through the edge integration of luminance ratios along an arbitrary path connecting those regions. Lightness can be well modeled by the retinex algorithm under the condition that the illumination changes slowly, which effectively means that sharp shadow borders cannot be properly processed. To overcome this problem, Gilchrist and his collaborators suggested that the HVS performs an edge classification to distinguish illumination and reflectance edges.
3 This led to the concept of the decomposition of retinal images into the so called intrinsic images 4, 5 with reflection, illumination, depth and other information stored in independent image layers.
Modern lightness perception theories based on intrinsic images deal with lightness constancy very successfully, however they have problems with the modeling of apparent failures of lightness constancy. 6 Also, while they provide relative lightness values for various scene regions, they fail to assign corresponding absolute lightness values for given observation conditions. In fact, it is enough to find only one such a corresponding absolute value (the so called anchor value) and the remaining values immediately can be found through the known ratios. The problem of lightness constancy failures and absolute lightness assignment is addressed by an anchoring theory of lightness perception developed by Gilchrist et al. 6 which is supported by extensive experimental studies with the human subjects.
Unfortunately, the anchoring theory is not accompanied by any computational model which would enable its direct application. In view of the recent advances in High Dynamic Range (HDR) imaging which allow to capture real world luminance values for further processing, 7, 8 it is particularly interesting to develop a computational model of the anchoring theory which would enable its automatic application to natural scenes. The aim of this work is to develop such a model by providing a practical implementation of the key concepts of this theory.
The paper is organized in the following way. We start, in Section 2, with an overview of existing practical implementations of various lightness and brightness perception theories. We then describe the key concepts of the anchoring theory in Section 3 and explain their practical implementation in Section 4. We examine our computational model by reproducing two perceptual experiments in Section 5. Finally we demonstrate several practical applications of our model in Section 6 and conclude our work with future directions in Section 7.
PREVIOUS WORK
Lightness and brightness perception issues have been revised while developing the tone mapping operators for HDR images. 9 A contrast ratio present in such images exceeds the capabilities of typical display device, hence it is necessary to map original luminance values to a scale of brightness values that is obtainable on a monitor. Since a luminance match is not possible, it would be desirable to reproduce on a display device a perceptual impression of lightness from the observation of the original scene. This is not an easy task because the reproduction of images on display devices introduces constraints not only in terms of limitations in the luminance range, but also in terms of a narrower field of view and different observation conditions. Such constraints lead to inconsistent behavior of the HVS when viewing real world scene versus their reproductions on a display device.
A number of tone mapping operators have been proposed to overcome these constraints. Initially, the algorithms were based on the power-law relationship between the brightness and the corresponding luminance, as proposed by Stevens and Stevens. 10 The main objective was to preserve a constant relationship between the brightness of a scene perceived on a display and its real counterpart for any lighting condition. Implementations of this approach were presented by Tumblin and Rushmeier 11 (Stevens law) and Drago et al. 12 (Weber-Fechner law). Further attempts in lightness reproduction lead to direct applications of the Retinex theory 2 to tone mapping. Jobson et al. 13 proposed a multi-resolution Retinex algorithm for luminance compression, which unfortunately lead to halo artifacts for the HDR images along high contrast edges. Inspired by the lightness perception model, developed by Horn, 14 Fattal et al. 15 proposed a successful gradient domain tone mapping operator. A concept of intrinsic images, 4, 5 separating the illumination and reflectance (details) layers, inspired many algorithms. The idea was implemented by Tumblin et al., 16 who assumed that these layers are explicitly provided, which is the case only for synthetic images. Later, several methods for an automatic layer separation have been introduced. The LCIS operator 17 separates the image into large scale features (presumably illumination) and fine details. A much better separation has been achieved using the bilateral filter.
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The early methods based on a uniform mapping using brightness functions suffered from the loss of fine details while reproducing brightness to a limited contrast range. This was improved by contrast techniques based on Retinex theory, however these contain an integration step which produces a result image with an unknown offset. Thus, it is not clear how to map the result on the scale of perceived gray levels. On the other hand, the intrinsic image models fail to address the apparent failures in lightness constancy. These arguments served as a motivation to develop a computational model of currently the most advanced theory of lightness perception. The first attempt to use the basic concepts of this theory has been presented by Krawczyk et al. 19 in view of tone mapping application. Here we improve the computational model by including a more complete set of concepts and examine it with a perceptual experiment in the context of natural scenes.
ANCHORING THEORY OF LIGHTNESS PERCEPTION
The anchoring theory of lightness perception by Gilchrist et al. 6 is qualitatively different from the recent lightness models and is based on a combination of global and local anchoring of lightness values. In the following sections we explain the main concepts of this theory. First, we discuss the estimation of lightness within the simple scenes (background/patch stimuli) using the anchoring rules. Next, we explain how to extend the anchoring of lightness to the complex scenes using frameworks.
Anchoring Rule
In order to relate the luminance values to lightness, it is necessary to define at least one mapping between the luminance value and the value on the scale of perceived gray shades -the anchor. Once such an anchor is defined, the lightness value for each luminance value can be estimated by the luminance ratio between the value and the anchor. This mapping is referred to as scaling. Although usually a veridical scaling is assumed, the compression or expansion of range is possible if necessary.
The anchor cannot be defined once for the absolute luminance values, because each luminance level can be perceived as any shade of gray depending on the observation conditions. It therefore must be tied to some measure of relative luminance values. According to Li et al., 20 such a measure is properly defined by the highest luminance rule affected by the relative area. Initially the highest luminance rule defined the anchor as a mapping of the highest luminance in the visual field to a lightness value perceived as white. However, the evident perception of self-luminous surfaces (lighter than white) lead to an extended definition. Apparently, there is a tendency of the highest luminance to appear white and a tendency of the largest area to appear white. When the highest luminance covers the largest area, the highest luminance becomes a stable anchor and is mapped to white. However, if the darker area becomes larger, the highest luminance starts to be perceived as self-luminous and the anchor becomes a weighted average of the luminance proportionally to the occupying area.
An alternative measure is defined by the average luminance rule 21 and states that the average luminance in the visual field is perceived as middle gray and serves as a standard for mapping of both lighter and darker surfaces. The experimental evaluation of the average luminance rule versus the highest luminance rule decisively favors the latter. 20 Other findings 22 based on more complex stimuli agree with these conclusions.
Complex Images
The anchoring rule, described in the previous section, cannot be applied directly to complex images in an obvious way. Instead, Gilchrist et al. 6 introduce the concept of decomposition of an image into components, frameworks, in which the anchoring rule can be applied directly. In their theory, following the gestalt theorists, frameworks are defined by regions of common illumination. For instance, all objects being under the same shadow would constitute a framework. Additionally, proximity is also considered as a grouping factor. A real-world image is usually composed of multiple frameworks.
The framework regions can be organized in an adjacent or a hierarchical way and their areas may overlap. The lightness of a target is computed according to the anchoring rule in each framework. A target in a complex image, that belongs to more than one framework, may have different lightness values when anchored within different frameworks. The influence on the final lightness of a target is decided depending on the strength of each framework. The strength of a framework is mainly determined by its size and the variety of luminance values it contains -frameworks with lower variance or smaller in size are weaker.
Besides the local frameworks, the whole image constitutes an additional global framework with its global anchor. According to the model, the net lightness of a given target is predicted as a weighted average of its lightness values in each of the local frameworks in proportion to the strength of these frameworks and with certain constant level of influence of the global framework.
COMPUTATIONAL MODEL
The anchoring theory has been presented without a formal model. On a technical level this requires to develop a method for automatic decomposition of an image into frameworks, to build heuristics estimating the influence of each framework on total lightness, and to estimate the anchors within the frameworks. Furthermore, the algorithm must perform accurately when used with natural scenes.
The presented model takes an image with the relative luminance values as an input. Such values can be computed from RGB channels of an HDR image according to CIE XYZ luminous efficiency functions. We first decompose the input image into the overlapping frameworks and define the probabilities with which pixels belong to each framework. Next, we estimate the anchor in each framework, i.e. the luminance value perceived as white. The frameworks and anchors allow us to calculate the net lightness of the scene.
Decomposition into Frameworks
We define a framework as a probability map over the whole image in which a probability of belonging to a framework is assigned to each pixel. A framework, in order to be valid, must be defined by a number of pixels which belong to this framework with a probability above 95%. In principle, the task of decomposition into frameworks is to identify luminance values which represent the potential frameworks in most accurate way and to assign appropriate probability values for each pixel.
It is reasonable to think of the decomposition as a segmentation problem. We experimented with several segmentation algorithms in order to find a plausible decomposition into frameworks, and the mean shift segmentation 23 produced the most appropriate results. However segmentation algorithms in general assign a pixel to only one segment and therefore do not implement the notion of probability in belonging to a segment. A border between two frameworks which might occur on a smooth gradient in the image is in such situation impossible to represent correctly. We therefore decided to tailor a custom decomposition method.
Our method is based on the luminance intensities in the input image, which is sufficient since we define frameworks in terms of areas of common illumination. We start with the standard K-means clustering algorithm to find the centroids that provide an appropriate segmentation of the HDR image into frameworks. We operate on a histogram in the log 10 of luminance. We initialize the K-means algorithm with values ranging from the minimum to maximum luminance in the HDR image with a luminance step equal to one order of magnitude and we execute the iterations until the algorithm converges. Upon convergence, we remove centroids representing empty segments.
Given the centroid values, we initially assign the probability values based on the difference between the pixel value and the centroid. We model such a belongingness to the centroid with a Gaussian function:
where P i represents the probability map for framework i, C i is the centroid for that framework, Y denotes the luminance of the HDR image (both C i and Y are in the log 10 space), and the variance σ equals to a maximum distance between adjacent centroids. The belongingness values are normalized to correctly represent the probabilities.
Often at this stage, several centroids may represent an invalid framework (none of the pixels belongs to it with probability above 95%). We iteratively merge these centroids. In each iteration, the centroid representing an invalid framework and the adjacent closest centroid are merged together and the new centroid value is equal to their weighted average proportional to their area:
where C i and C j are the values of the too close centroids, and S i and S j denote the number of pixels clustered to these centroids. After the merge, probability values are recalculated according to (1) , and the iteration is repeated until no centroids need to be merged.
As the next step, we spatially process the probability map of each framework to include the proximity aspect of Gestalt grouping factors. The spatial processing smoothes local variations in the probability values which may appear due to a texture on surfaces. However, it is important to preserve high local variations which could appear on the borders of objects or frameworks. The bilateral filter 24 is an appropriate image processing tool for this purpose. We filter the probability map of each framework with a bilateral filter in which the range variance is set to 0.4 and the spatial variance to the half of the smaller dimension of the HDR image.
We demonstrate the decomposition procedure on an example HDR image shown in Figure 1(a) . First, we converge the initial segmentation (Figure 2(a) ) to identify luminance values that would represent the most accurate decomposition into frameworks. We then calculate the probabilities (Figure 2(b) ) and merge one centroid which does not represent a valid framework. The final centroids (Figure 2(c) ) define the probability maps based only on luminance property (Figure 1(b) ) and contain several incorrect assignments. The reflections on the logs at the bottom of the image are incorrectly assigned to a framework which mainly contains clouds. We refine the probability maps to include also spatial interactions as shown in Figure 1(c) . 
Strength of Framework
Apart from the illumination conditions, the strength with which a framework influences the lightness of a given surface also depends on the articulation of the framework and its relative size. If a framework is highly articulated, the pixels tend to be strongly anchored within this framework. Also, large frameworks have higher influence on the lightness than small ones. A strength of the framework is defined as a product of the articulation and size factors.
We estimate the articulation factor independently for each framework based on its dynamic range. A framework whose dynamic range is higher than one order of magnitude has a maximum articulation and as the dynamic range goes down to zero the articulation reaches the minimum. We model the amount of articulation using a Gaussian function:
where A i denotes the articulation factor of the framework i, and min Y i and max Y i represent the minimum and maximum log 10 luminance in the area of this framework.
Similarly, a larger framework will have a tendency to a higher influence on the lightness of surfaces, while a relatively small framework will have a rather limited impact. We estimate the size factor in the following way: where X i denotes the size factor of the framework i, and S i represents the normalized relative area of a framework.
Here we attenuate the influence of frameworks whose size is below 30% of the total image area.
We apply the strength factor to frameworks by multiplying their probability maps P i by their respective articulation factor A i and size factor S i . We then normalize the probability maps again and obtain the final result of the decomposition into frameworks.
The parameters used to estimate the influence of size and articulation on the strength of the framework are chosen arbitrarily. However, it is not as important to have a precise estimation as to include such factors at all. The suggested values served well in our experiments and fine tuning leads to rather marginal changes. Yet, failure to use these factors leads to an excessive influence of unimportant frameworks on the net lightness estimation.
Estimation of Anchor
Having the HDR image decomposed into frameworks, we estimate an anchor within each framework. Since we employ the highest luminance rule, we need to find the luminance value that would be perceived as white, in case a given framework would be observed as stand-alone.
Although we apply the highest luminance rule, we cannot directly use the highest luminance in the framework as an anchor. As discussed in Section 3.1, there is a relation between what is locally perceived as white and its area relatively to the surround. This implies that a spatial filtering is required prior to the estimation of the local anchor. Our procedure is to filter the area of a framework with a large Gaussian kernel to suppress plausible small areas with high luminance. We thus eliminate potential self-luminous areas, what allows us to take the highest luminance of the rest of the pixels as the anchor. In Figures 3(a) and 3(b) we show the two frameworks identified in the example HDR image with their lightness computed according to the local anchor.
Net Lightness
Given the decomposed frameworks and estimated local anchors we compute the net lightness of the pixels by merging the frameworks. We process each framework individually. We sum the original luminance values of the HDR image normalized by the locally estimated anchor value and proportionally to the probability map:
where L denotes the final lightness value, Y the original luminance of the HDR image, W i the local anchor of framework i, W 0 the anchor in the global framework (all these values are in the log 10 space), and P i is the probability map. The 30% and 70% coefficients for local and global anchor influence respectively are arbitrarily suggested by Gilchrist et al. 6 and can be modified if necessary. In Figure 3 (c) we illustrate how the net lightness has been computed for sample HDR image. Comparison to the original HDR image from Figure 1(a) clearly illustrates an improved perception of surface details in the processed image.
Performance of The Model
The estimation of lightness in a 4Mpx image using our computational model takes below a minute on a modern PC. The timing mainly depends on the number of decomposed frameworks, since the majority of computations is spent on the decomposition stage. Once the frameworks are known, the estimation of anchor and net lightness computation consist of simple operations. The K-means algorithm operates on a histogram and is therefore independent of the image resolution. The only bottleneck is the spatial processing using the bilateral filter, although we use an efficient approach presented by Durand and Dorsey. 
TESTING THE MODEL
The main focus of this paper is a computational model of the lightness perception theory. A thorough verification of the presented model would require a psychophysical experiment which is beyond the scope of this paper. Instead we test our computational model by simulating two perceptual experiments. The first one analyzes the accuracy of decomposition into frameworks for natural scenes and the second experiment is a simulation of the Gelb illusion using various lightness mapping algorithms for HDR images (tone mapping operators).
Frameworks within Multi-Illuminant Scenes
According to the anchoring theory of lightness perception, successfully identified frameworks should define the areas in which the lightness is perceived homogeneously. 6 An evidence for such lightness perception can be obtained through a distribution of probe disks of constant known luminance value across the image. The disks should have the same lightness within a framework independently of the ratio of their luminance to the background luminance on which they are placed.
Such an experiment has recently been presented by Gilchrist and Radonjic.
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Here we provide an HDR reproduction of this experiment (Figure 4 ) using the original material. We revert the original photo to a high dynamic range image through an assumption on the camera response. 8 We then decompose the HDR image into frameworks using presented computational model (Figure 4(b) ) and place several probe disks of constant luminance value in various areas of the image (Figure 4(c) ). The contrast ratios between the probe disks and the background in both shadow and light frameworks range from 1:2 to 1:9. The lightness of the probes is perceived consistently within the area of the frameworks independently of the background. These leads to the same conclusions as in the original experiment: lightness is determined by the frameworks and the influence of local contrasts is minimal. Our contribution here is not to confirm the theory, but to provide an automated method for providing an appropriate decomposition. In this sense, the reproduction of the experiment provides the evidence that frameworks areas are accurately identified using our computational model.
Anchoring in Gelb Illusion
The Gelb Effect is a well known illusion and provides a good example of lightness constancy failure. This perceptual phenomena is obtained in the following conditions. If in the darkroom with an ambient light a piece of black paper is suspended in the midair and is illuminated by a beam of light, it appears white. However when a piece of real white paper is shown next to the black one, the black paper becomes perceptually gray or black. Apparently the black paper is perceptually darkened by the adjacent paper that has a higher reflectance. Adding subsequent patches of increasing reflectance further darkens the black paper. Clearly, this effect can by definition be attributed to the anchoring in general and to the highest luminance rule in particular. Moreover, this effect cannot be explained with the contrast theories, because the papers do not have to be placed adjacent to each other. 6 We performed a case study of this experiment to validate the results of our algorithm. For comparison, we chose two other methods whose principle goal includes correct representation of lightness in the original image. These are tone mapping algorithms for HDR images: the photographic tone reproduction algorithm presented by Reinhard et al. 26 is based on an image processing technique and follows the anchoring to middle-gray rule, and the fast bilateral filtering presented by Durand and Dorsey, 18 which is related to the intrinsic image models. In the case study, we used five HDR images, each having the same background luminance equal to 10 The results of processing of these images with the chosen tone mapping algorithms are shown in Figure 5 . The fast bilateral tone mapping 18 maps respectively each patch to the same perceived lightness value throughout all five images. This is in accordance with the lightness constancy rule, but contrary to what the observers perceive. Evidently, this method is not able to predict the failure of the lightness constancy rule in this case. Using the photographic tone reproduction 26 algorithm, the perceived reflectance of the black patch is lowered by the presence of the patches with higher reflectance what follows the Gelb illusion. However in none of the five situations, even with all five patches present, the brightest patch is mapped to a value perceived as white. This inaccuracy happens because the average luminance rule is used for anchoring. However, using our computational model it is possible to reproduce the same lightness impression as reported for the Gelb experiment.
APPLICATIONS
The computational model of lightness perception theory opens new possibilities in processing of HDR images. As a direct application we present a tone mapping operator which aims at the reproduction of lightness as closely as possible to the lightness perceived in a natural scene. Besides, decomposition into frameworks defined by homogeneous illumination gives an interesting possibility to perceptually supported image processing.
Tone Mapping
Based on the lightness perception theory discussed in the previous section we derive a tone mapping algorithm for contrast reduction in HDR images. The algorithm takes as an input an HDR image defined by floating point RGB values that are linearly related to luminance, and produces a displayable LDR image as a result. The contrast reduction process is based on the luminance channel and builds upon the computational model described in Section 4.
The particular goal of tone mapping is the contrast reduction in the original HDR image. While through the net lightness computation the dynamic range in the image is reduced, it may still exceed the capabilites of the display device. Hence, an additional dynamic range reduction may be necessary to achieve good results. For the purpose of tone mapping we use the modified version of net lightness computation (5) which includes a dynamic range reduction factor D i :
The value of D i is chosen individually for each framework in such way that it scales down the dynamic range of a framework if it exceeds the capabilites of the target display device. Also the influence of the global framework has been limited, because it counteracts the luminance range compression goal.
We first calculate the luminance from the RGB colors using the CIE Yxy color space and decompose the input scene into the frameworks. Next, we estimate the anchor in each framework, i.e. the luminance value perceived as white. We then compute the local pixel lightness within each framework. Finally, we calculate the net lightness of each pixel using equation (6) . We recover the color information with an inverse CIE Yxy transform, using the computed lightness L instead of luminance channel Y . The result is suitable to be viewed on an LDR display device.
The evaluation of aesthetic properties of this tone mapping can be done with recently presented methodology. 27, 28 In Figure 6 , we provide analysis of how the luminance values are mapped to the lightness levels in three different tone mapping techniques: the presented algorithm, and the global version of Photographic Tone Reproduction 26 which is similar to brightness mapping functions, and the Fast Bilateral Filtering 18 which is inspired by the intrinsic image models. The key aspect of any tone mapping algorithm is the efficient use of the available limited dynamic range on a display device. Usually the contrast compression results in the loss of fine details when uniform mapping is used (Figure 6(a) ). The decomposition of an HDR image into the illumination and reflectance layers leads to a better detail preservation as visible in Figure 6(b) . The mapping function in this case is not uniform and maps source luminance to different lightness values depending on the surround, hence makes more efficient use of the available dynamic range. However, the independent estimation of lightness within each framework leads to the most efficient mapping in this case, without invalidating the consistency of illumination in the scene (Figure 6(c) ). Also, the representation of frameworks as probability maps ensures that no artifacts are introduced on the borders of frameworks.
Local Image Processing
The image processing algorithms are usually applied with uniform parameter settings over the whole image. Even if the algorithm is localized, the parameters for the method are set globally. However, it is often desired to vary the parameters of such algorithms between the areas of an image. In this case it often has to be done manually by the user. Except that with the use of frameworks decomposition, it is now possible to identify the areas that are perceived homogeneously in an image. For the purpose of automated image processing, this permits to estimate the most appropriate parameters for given algorithm individually for each framework.
In digital photography, it often happens that an image contains two different sources of illuminationfor instance a warm daylight and bluish shadow as in Figure 6(c) . Such an image requires a white balance correction. However, correcting for the daylight will result in an increased bluish cast in the shadow part as shown in Figure 6 (e). The decomposition into frameworks allows to identify multiple illumination types and enables different white balance correction in each of these areas, Figure 6 (f). Again, frameworks represented as probability maps guarantee proper blending of edges where differently processed areas merge.
CONCLUSIONS
We have presented a computational model of an anchoring theory of lightness perception. The model provides a practical implementation of the key concepts of this theory and aims at an accurate estimation of lightness in real world scenes captured as HDR images. We leveraged the theory to handle complex images by developing an automatic method for the image decomposition into frameworks. Through the estimation of the local anchors we formalized the mapping of the luminance values to lightness. We examined the accuracy of our model by reproducing two perceptual experiments that were initially conducted to prove the accuracy of the theory.
We demonstrated a direct application of our computational model to the tone mapping of HDR images and discussed its advantages. Moreover, the decomposition of an image into the frameworks gives additional potential to automated image processing fine tuned to the perceptual aspects of HVS.
